Conventional entropy measure is derived from full-band (range from 0 Hz to 4 kHz); however, it can not clearly describe the spectrum variability during voice-activity. Here we propose a novel concept of adaptive long-term sub-band entropy (ALT-SubEnpy) measure and combine it with a multi-thresholding scheme for voice activity detection. In detail, the ALT-SubEnpy measure developed with four part parameters of sub-entropy which uses different long-term spectral window length at each part. Consequently, the proposed ALT-SubEnpy-based algorithm recursively updates the four adaptive thresholds on each part. The proposed ALT-SubEnpy-based VAD method is shown to be an effective method while working at variable noise-level condition. key words: voice activity detection, long-term spectral analysis, sub-band entropy, variable noise-level, bark-scale wavelet packet
Introduction
Voice activity detection (VAD) refers to the ability of distinguishing speech from noise, and it is an integral part of a variety of speech communication systems, such as speech coding, speech recognition, hands-free telephony, audio conferencing and echo cancellation [1] . In the GSM-based wireless system, for instance, a VAD module [2] is used for discontinuous transmission to save battery power. Similarly, a VAD device is used in any variable bit rate codec [3] to control the average bit rate and the overall coding quality of speech. In wireless systems based on code division multiple access, this scheme is important for enhancing the system capacity by minimizing interference. Common VAD algorithms use short-term energy, zero-crossing rate and LPC coefficients [4] as feature parameters for speech detection. Cepstral features [5] , formant shape [6] , and least-square periodicity measure [7] are some of the more recent metrics used in VAD designs. In the recently proposed G.729B VAD [8] , a set of metrics including line spectral frequencies (LSF), low band energy, zero-crossing rate and fullband energy is used along with heuristically determined regions and boundaries to make a VAD decision for each 10-ms frame. A framework to exploit long-term spectral divergence (LTSD) between speech and non-speech intervals has recently been formulated as a discriminative speech feature [9] . The variable-level noise often occurs in real environment; however, the existing VAD algorithms are usually used to solve only the problem of fixed-level noise [1] - [9] . In order to increase the rate of speech recognition in reallife, a reliable VAD algorithm in time-varying noise characteristics environment is urgent required. In fact, those existing VADs are all energy-based methods and their performances are degraded significantly while the speech level is smaller than the noise level. To improve that the energybased estimate is closely dependent on the variation of noise level, we exploit the inherent nature of formant structure appearing only on speech spectrogram as a robust feature for detecting speech with a low signal-to-noise ratio (SNR). In this letter, through bark-scale wavelet packet decompose (BSWPD) [14] and Teager energy operator (TEO) [15] , we can determine 17 critical sub-bands and enhance the discriminability of speech components against noise. Next, the sub-entropy is defined on 17 critical-sub-bands in order to not only make the proposed VAD algorithm robust to noiselevel changes but also to characterize the formant structure on speech spectrogram (the well-known as voiceprint). In addition, we apply a new concept that long-term spectral analysis sliding window length centered at the current frame varies with frequency sub-band and use wavelet entropy to improve long-term spectral divergence. In lower frequency sub-bands, the short temporal window lengths are applied. Conversely, the long temporal window lengths are applied in higher frequency sub-bands. In order to estimate the duration of voice-activity under the time-varying noise-level accurately, a four-band scheme, which composed of a lowest frequency (1-8 bark) part, a low frequency (9-12 bark) part, a high frequency (13-15 bark) part and a highest frequency (16-17 bark) part in the critical band, is further adopted. Next, the adaptive long-term spectral analysis is applied into four parts of sub-entropy to develop a set of adaptive longterm sub-band entropy (ALT-SubEnpy) feature parameters. Finally, the algorithm recursively updates the four adaptive thresholds on each part using the mean and variance of the ALT-SubEnpy.
The Proposed VAD Algorithm
In Sect. 2, an estimation of adaptive long-term sub-band entropy (ALT-SubEnpy) measure is proposed to efficiently characterize the nature to discriminate the speech from background noise due to that the nature of the formant structure (also called as voiceprint) appears only on speech Copyright c 2012 The Institute of Electronics, Information and Communication Engineers spectrogram as shown in Fig. 1 . It is shown that the variance of spectral magnitude during a speech segment is more than that during a non-speech segment. So, we proposed an entropy-based feature to descript the nature of the formant structure in this letter. The flowchart of the proposed ALT-SubEnpy-based VAD algorithm is shown in Fig. 2 and is composed of six steps defined follows:
Step 1: Bark-scale wavelet packet decomposition First, the bark-scale wavelet packet decomposition (BSWPD) is used to decompose input speech signal x(n) into 17 critical sub-bands to determine wavelet coefficients wc j ξ,m (l) with index l corresponding to the ξth critical subband in the level j at mth frame.
Step 2: Teager energy operator Then, the Teager energy operator (TEO) is applied into the wavelet coefficients to enhance the discriminability of speech components among those of noise.
Step 3: Sub-Entropy The entropy measure derived from full-band has been used to descript the voiceprint only appearing on speech spectrum [11] . In this letter, we will further let the VAD processes the sub-entropy separately by means of sliding 
where P(ξ, m) means the probability of each bark-scale subband ξ for the mth frame and is defined as follow:
where
2 means the wavelet energy of the ξth sub-band for the mth frame. ω l and ω h denote the lower boundaries and the upper boundaries of the ξth sub-band, respectively.
Step 4: Adaptive long-term spectral analysis In fact, the time duration of corrupted noise is usually shorter than that of dominant speech. In addition, the corrupted noise usually occurs on high frequency sub-band than that on low frequency sub-band. The above-mentioned concept can be found in Fig. 4 . In order to further improve the long-term spectral analysis sliding window length centered at the current frame, we apply a new concept that the sliding window length for each sub-band is different. In Fig. 4 Based on the ALT-SubEnpy parameter, we can more accurately exploit the variability of voiceprint than other fullband entropy-based parameter. Table 1 shows the relation between number of parts with voiceprint strength and computing time. The value of rank is little for the best while that is large for the worst. Eventually, we can find that merging into four parts is best choice in Table 1 . In addition, in Fig. 4 we can find that voiceprints often occur at low frequency subband. This results in four parts can accurately describe the strength of voiceprint, especially at low frequency subband.
Step 5: The Multi-thresholding Scheme The algorithm can be recursively updated the threshold of each part using the mean and variance of logarithmic ALT-SubEnpy to estimate the time-varying noise characteristics [10] . So, we assume that the first four frames contain noise only and then compute the initial noise mean and variance of each part with the first five frames.
The scheme of multi-thresholds for the speech and noise in each part can be computed by the following: 
where γ = 0.5 is chosen by experiment. We then update the thresholds of both parts using the updated mean and variance of the logarithmic ALT-SubEnpy.
Experimental Results and Analysis
To evaluate the practicability of the proposed algorithm in real condition, a changing level of noise from the noise NOISEX-92 [12] is added to the recorded speech signal with different SNRs ranging from −5 dB to 30 dB. For testing, the recordings of each sentence are spoken by 40 native speakers (20 males and 20 females) and sampled at the rate of 8 kHz with 16-bit resolution. The non-speech hit rate (HR0), where is the ratio of all non-speech frames that were correctly detected, and speech hit rate (HR1), where is the ratio of all speech frames that were correctly detected, are used to assess the performance of the proposed VAD. Table 2 shows that the proposed VAD with the scheme Table 2 The performance of proposed VAD with multi-thresholding versus with uni-thresholding.
Table 3
The VAD accuracy related to analysis window length and delay time. Table 4 The average HR0 and HR1 averaged across SNR levels from −5 dB to 30 dB and under the three types of noise.
of multi-thresholds can successfully improve the performance while proposed VAD with uni-thresholding, especially at factory or babble noise. Table 3 shows the performance of the proposed VAD versus analysis window length and delay time. In Table 3 , we can find the performance of proposed VAD is best while analysis window length is 1024. Based on the findings, analysis window length is finally chosen as 1024 sample. Table 4 shows the results of the proposed VAD method comparison with other four algorithms: G.729B [8] , AMR-2 [13] , ABSEbased [11] VAD and LTSD-based VAD [9] on HR1 and HR0, averaged across the SNR levels from −5 dB to 30 dB and tested with three types of noisy conditions: car noise, babble noise and factory noise. The proposed approach obtains the best behavior in detecting speech with 94.91% HR1 average value, while the G.729, AMR-2, ABSE-based and LTSD yield 85.81%, 85.72%, 88.22% and 91.52% respectively. On the other hand, the proposed method provides the best non-speech hit rate with 82.73% HR0 average value, while the G.729, AMR-2, ABSE-based and LTSD yield 56.74%, 62.01%, 72.19% and 72.36% respectively. It is observed that the performance of the G.729B VAD for both of HR0 and HR1 is rather poor. In addition, the features from G.729B and AMR-2 are almost energy-based parameters. These features are sensitive to variable-level noise. In terms of long-term spectral analysis, we use flexible window length into four parts of critical sub-bands for the proposed ALT-SubEntropy-based VAD. The four adaptive thresholds used into four part of bark-scale sub-bands adaptively trace the variable-noise level condition. Conversely, Ramirez et al. [9] uses fixed length of long analysis window on each sub-band. The LTSD-based is not appropriate while occurs variable noise-level condition. In addition, it is found that sub-band entropy (proposed VAD) is superior to full-band entropy (ABSE-based).
Conclusions
This letter presents a novel method based on adaptive longterm sub-band entropy and multi-thresholding scheme for detecting voice-activity under the time-varying noise-level condition. This is because an entropy-based method is not sensitive to changes in the noise level, but only to colored noises or the spectral nature of the noise. In addition, it is found that sub-band entropy is superior to full-band entropy. Results also shows the proposed ALT-SubEnpy-based VAD yields high performance due to the fact that the VAD can be recursively updated the threshold of each part using the mean and variance of logarithmic ALT-SubEnpy to estimate the time-varying noise characteristics.
